Texture is a widely used feature in content-and region-based retrieval systems. Most studies focus on texture extraction over an entire image or use color-texture combinations for regionbased retrieval. Less attention has been drawn towards texture extraction and its evaluation over arbitrary-shaped regions. In this paper frame-based and region-based texture extraction schemes are compared to evaluate the effect regionalization on the texture description and retrieval performance. Experiments are carried out using MUVIS framework, which allows us to test and compare several well-known texture descriptors on texture databases. The results indicate that significant degradations over the retrieval performance occur on such texture descriptors whenever applied on arbitrary-shaped regions.
INTRODUCTION
Texture plays besides color a significant role in human vision and image classification. Common texture extraction methods are applied on an entire image for CBIR purposes. It has been shown that methods such as Gabor [5] , Local Binary Pattern (LBP) [8] , and Wavelets [10] provide good results on homogenous textures in rectangular-shaped image frames. Gabor and Wavelets-based descriptors are also often used in CBIR and Region-based Image Retrieval (RBIR) systems, [1] , [4] , [7] , [9] , [10] where in the latter case the regions may have any arbitrary shape. A straightforward approach would be to find the Minimum Bounding Rectangle (MBR) for the region and perform the method over it. The trouble here is MBR might not represent the region well enough and there might exist such regions where it will be rather difficult or even infeasible to extract such a rectangle.
Liu, Zhou, and Ma investigated the extraction of texture features from arbitrary-shaped regions [3] and compared different methods. Their main approach was to extend the texture of an arbitrary-shaped region to a rectangular area by applying different padding methods. Then a five-scale 2D-DWT is applied on this new rectangular area. For evaluation they used four different shapes on the Brodatz [2] database to measure retrieval performance of their different padding algorithms.
However, the current RBIR systems such as [1] , [4] , [9] , and [10] do not apply padding to their segmented regions. They rather apply the texture extraction on the image itself and then obtain the texture features directly per region. All of them reported good results in combination with color. Therefore, the question arises if padding is really necessary since it requires additional steps and increases complexity and furthermore, it might affect the texture descriptor. On the other hand the evaluation texture extraction directly over the arbitrary-shaped regions without any implicit padding operation or any other morphological adaptation, is so far lacking. In order to address this, in this paper we mainly investigate the effects of arbitrary regions over the texture descriptors. Two test cases are particularly used. First case investigates the influence of region shape on texture retrieval performance. Therefore, we test the behavior of frame-based and region-based texture extraction on so-called synthetic textured images such as the widely known Brodatz collection. Second case verifies the trivial assumption that texture extraction from the regions containing pure texture should improve the retrieval performance over the frame-based extraction due to only homogeneous (pure) texture is analyzed in the former case. In fact a frame can be seen as only a special case where the entire image is one single region. In a general case texture regions are obtained by segmentation. In both test cases we compare common texture methods such as Gabor, LBP, and Wavelet-based on their individual frame-and regionbased retrieval performance. MUVIS framework [6] is used to perform indexing and retrieval over the databases that are used in the experiments ofthis work.
The rest of the paper is organized as follows. Section 2 introduces the experimental setup with the framework, features, and databases used. Section 3 presents the experimental results whilst interpreting the comparative performance evaluation. Finally, Section 4 concludes the paper.
EXPERIMENTAL SETUP
MINIS framework basically provides a development and testbed environment to implement third party modules in form of Dynamic Linked Libraries (DLLs). Furthermore, it offers two applications each of which is dedicated for feature extraction and multimedia retrieval. A particular module where a certain descriptor is implemented can be dynamically linked to a MUVIS application and the user can perform extraction and retrieval tasks via using it during the run-time. For the current work six modules have been implemented: frame-and regionbased versions of Wavelet, Gabor, and LBP texture descriptors. Wavelet and Gabor have been chosen because oftheir extensive use in texture retrieval and LBP as an alternative due to low complexity, superior performance, and its easy applicability to regions. Furthermore, LBP does not require any kind of filtering. It works directly on the pixels and their neighborhood as shown in Figure 1 The Wavelet transform decomposes an image into subbands. These subbands correspond to vertical, horizontal, and diagonal directions in different scales. Energy, mean, and variance are possible features that can be extracted from subband coefficients. We have chosen a 3-scale Haar wavelet with its ten subbands due to its popular usage and low complexity.
Gabor decomposes an image into different scales and orientations by using different centre frequencies. The employed Gabor filter bank consists of three scales and four orientations mainly as a trade-off between complexity and performance.
The texture extraction process works similar for all three methods where each method is directly applied to the luminance part ofthe entire image as shown in Figure 2 (a). Thus, it results in ten subband images for Wavelet as shown in Figure 2 (b), 12 magnitude images for Gabor as shown in Figure 2 (c), and one texture value image for LBP as in Figure 2 ( LBP employs G-Statistics [8] to measure the distance between two feature vectors.
In the frame-based case feature extraction is straightforward. The computation of the feature components are performed directly over the entire image. The region-based feature extraction works in similar manner. The only major difference is that the image is segmented into homogeneous regions. An important point here is that the feature extraction methods are still applied on the entire image; however the feature components are only computed over the texture regions. There are no additional steps such as padding, MBR extraction, etc.
For testing purposes, the features aforementioned earlier are extracted for the two sample databases generated and indexed using synthetic Brodatz textures The first database (DB1) contains 1760 images of size 160x160 pixels (110 classes with 16 images) from Brodatz texture album. It was generated by cutting the original Brodatz images into 16 equally sized sub-images. This database is indexed by frame-based Feature eXtraction (FeX) modules. The second database (DB2) contains 2370 images where each image represents an arbitraryshaped textured region on a uniform background. Textures are taken from Brodatz collection where 79 out of 110 textures are used. The rest is sorted out due to strong non-homogeneity and lack of proper representation of the overall texture in an arbitrary-shape region. DB2 is generated in the following way. At first 30 region masks are created and divided into 2 classes. On one hand, there are purely geometric shapes such as rectangle, triangle and circle, and on the other hand some arbitrary shapes. Each class contains a shape in three different sizes: 75%, 50%, and 25% of the image area. Then, for each mask a patch is cut out from the original texture image and is overlaid with this specific mask. This guarantees each region has the same overall texture with a little variation. For the sake of simplicity the region masks are placed in the centre of the newly generated image. DB2 is indexed only by region-based FeX modules.
PERFORMANCE EVALUATION OVER RETRIEVAL RESULTS
Retrieval experiments are carried out separately for each database and each texture feature. DB1 and DB2 are queried against ten texture classes chosen from Brodatz, namely D4, D9, D10, D15, D24, D37, D54, D68, D95, and D109. During the retrieval process five randomly selected items per class selected were queried. This test performs frame-based queries against a frame-based indexed database. For DB2 five regions with different shapes of size 25% are selected as shown in Figure 3 . The shapes are named as square, circle, triangle, and two arbitrary shapes, arbi and arb2. Each shape among the selected textures is used as a query and a region-based query is only performed over a region-based indexed database. Performance evaluations will be carried out in DB1 and DB2 separately as well as mutually. The same images were used both for frame-based and region-based retrieval experiments. The retrieval process in MUVIS is based on the traditional query by example (QBE) scheme. The features ofthe query item are used for (dis-) similarity measurement among all the features of the items in the database. Ranking the database items according to their similarity distances yields the retrieval result. For the frame-based case this simply means comparing the query features to features of each database item using the aforementioned Lp metrics.
where ANMRR value indicates the retrieval performance for the entire query set and a smaller value indicates a better performance. For all retrieval experiments performed in this section NG(q) is fixed as 15.
According to the ANMRR results presented in Table 1 , LBP performs best on DB1 and is slightly better than Gabor whereas Wavelet is significantly worse. A similar observation can be made for DB2 where LBP performs far better than Gabor and Wavelet. Furthermore, it can be seen that in general for all three methods, the region-based retrievals produce the worst results. ase where the similarity between two texture regions is Sim(i,j), which is obtained by texture similarity, STXT. Region importance is defined by its area weight wi for simplicity and Aij defines the ratio between two region areas and the square-function in the nominator punishes small region sizes. This also assures that the perfect match of two images equals unity. Thus, the total image similarity, TS, can be applied as in Eq. 1 where Aij weights Sim(i,j) in the sense that equally sized regions are favored over different region sizes and only the maximum match for a query regions ins considered. TS yields in the maximum value for equally sized regions with similar texture.
For all retrieval tasks, performance is evaluated by using Average Normalized Modified Retrieval Rank (ANNIRR), which is defined in MPEG-7 as the retrieval performance criterion. Besides the traditional recall and precision measures, ANMRR also includes rank information to measure the retrieval efficiency. For each query q, let a number of NG(q) images, which are considered as ground truth images for q, exist in a database. The average rank of images for a query q, A VR(q), is then defined as NG(q) Rank' (k)
and W = 2NG(q) whereas W represents the retrieval window within which retrieved items are verified for relevancy for a query. Rank(k) provides the ranks for these ground truth images on the retrieval and a constant rank, (W+1), is assigned to ranks outside the range of W. Based on the AVR(q) the normalized modified retrieval rank NMRR(q) can be computed. The final step is the averaging of NMMR(q) over all queries to compute ANMRR as in Eq. Figure 4 displays the individual results for each shape where different shapes have different performances but none has a larger impact than the others. The y-axis represents the ANMRR value and the different shape types are presented in the x-axis. For LBP and Gabor the square shape performs best but suprisingly the triangular shape achieves best performance for Wavelet (yet the worst peformance for Gabor). Furthermore, it can be seen that shape arbi performs well for any texture method; however arb2 results the worst retrieval performance particularly for LBP and Wavelet. Note that all three methods vary within a range of 0.1 NMRR range, illustrating the insignificant affect of different shapes over the texture retrieval performance.
Figures 5, Figure 6 , and Figure 7 present ANMRR results for frame-vs. region-based retrievals using LBP, Wavelet, and Gabor descriptors, respectively. In the figures the y-axis represents the ANMIRR value and textures are represented in the x-axis. Various remarks can be made accordingly. First of all retrieval performance of the three texture descriptor can be compared directly. For instance LBP and Gabor can in general achieve far better performance than Wavelet since their worst (frame-based) ANfMRR score is lower than the average performance of Wavelet. Furthermore, the Wavelet texture performance degrades the most when used in regions since LBP's worst ANMIRR score is lower than the Wavelet's best value. For Gabor both plots are fairly different. Hence, this indicates that Gabor can have significant variations between frame-and region-based retrievals. Furthermore, these three plots show if a texture performs well on an entire frame, this does not necessarily mean that it will perform equally well on regions and vice versa. One can for instance see this in D68 and D)5, D109, for Gabor and Wavelet, respectively. Texture-based image retrieval experiments are performed via implementing three texture descriptors namely Gabor, LBP, and Wavelets in order to study the effects of texture over the entire image and (texture) region(s). Retrieval performance is evaluated using ANMPR similarity metric both over frame-and region-based retrieval performance for synthetic and natural databases. In all texture experiments in Brodatz database, texture over regions performs the worst for all three employed methods. The results mainly indicate that there is no particular shape over which any descriptor performs equally good or bad for any texture. It rather seems that certain shapes and certain textures have an influence on each other with respect to the texture descriptor employed as well. During conducting the retrieval experiments, the results seem to be size dependent. Most of the queries for LBP have almost perfect retrievals for shapes having the identical size (25%). Also other non-relevant items retrieved have the same region size than the query region even though the database includes images with the same texture per region but different region sizes. Wavelet and Gabor, on the other hand, retrieve several images of different region sizes even if the textures between the regions do not match. This indicates that region size seems to play an important role on all three methods, particularly on LBP.
As a result, regions and their shapes had certain degradations on the descriptor. However, the impact of the region shape is rather minimal. In most cases it seems that the texture structure and descriptor method play an important role. Furthermore, region size seems to be critical. Thus, the effect of size on arbitrary-shaped regions over synthetic textures will be study in future work. The extension of this work on real (natural) image databases is also considered.
